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Abstract
As non-climacteric, citrus fruit are only harvested at their optimal edible
ripening stage. The usual approach followed by producers and packinghouses to
establish the internal quality and ripening of citrus fruit is to collect fruit sets
throughout ripening and use them to determine the quality attributes (QA) by
standard and, in many cases, destructive and time-consuming methods. However,
due to the large variability within and between orchards, the number of measured
fruits is seldom statistically representative of the batch, resulting in a fallible
assessment of their internal QA (IQA) and a weak traceability in the citrus supply
chain. Visible/near-infrared reflectance spectroscopy (Vis–NIRS) is a nondestruc-
tive method that addresses this problem, and has proved to predict many IQA of a
wide number of fruit including citrus. Yet, its application on a daily basis is not
straightforward, and there are still several questions to address by researchers in
order to implement it routinely in the crop supply chain. This chapter reviews the
application of Vis–NIRS in the assessment of the quality and ripening of citrus fruit,
and makes a critical evaluation on the technique’s limiting issues that need further
attention by researchers.
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1. Introduction
Citrus fruit are grown commercially in more than 50 countries around the world
and are major commodities in the international trade [1, 2]. In Europe, the excep-
tional characteristics met by some of these produces have granted them the
Protected Geographical Indication (PGI), such as the lemons (Citrus limon (L.)
Osbeck) of Menton in France, Sorrento, Amalfi and Syracuse, and the Sicilian blood
orange (Citrus  sinensis) in Italy, the “Algarve Citrus” in Portugal, or the
“Valencianos Citrus” in Spain.
As non-climacteric, citrus fruit are only harvested at their optimal edible ripen-
ing stage, and are required to meet the expectations of the current consumer who
demands for fruit not only with the best appearance, flavor, and nutritional
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properties, but that also comply with safety, traceability, and the sustainability of
the cultural practices used. Like any other commodity, citrus fruit are subjected to
worldwide standard specifications within the value chain [3] on their quality attri-
butes (QA). Additionally, there are also adjustments to these requirements on
quality and commercial ripening indices, that arise from the respective PGI norma-
tive of each commodity, growing regions and destination markets [4]. The main
external quality attributes (EQA) accounted for citrus fruit are general appearance,
size, weight, and color. Among the internal quality attributes (IQA), soluble solids
content (SSC), titratable acidity (TA), juiciness, maturity index (MI; MI = SSC/
TA), and the absence of internal defects are the most relevant. Although firmness is
not defined quantitatively, it represents an important IQA, since it is a limiting
factor regarding postharvest handling, transport and shelf-life, fruit being expected
to maintain a good consistency through the whole supply chain.
Once fruit attain the expected IQA, additional factors will condition the harvest
of citrus fruit: orchard yield and size, ripening variability, harvest cost, storage
conditions, market prices and consumers’ demand. Although dependent on the
country, producers are provided with three options to handle these constrains: (i)
immediate harvest and marketing; (ii) immediate harvest and cold-storage; or (iii)
delayed fruit harvest. Opting for immediate harvest may result in minimal organo-
leptic quality and low prices, whereas postponing it until favorable market condi-
tions, risks fruit drop, decay and spoilage caused by extreme weather events, pests
and diseases [5]. To prevent some of of these consequences, producers resort to the
regular use of pesticides, which increase the production costs and impact negatively
the environment [6, 7]. Cold-storage is used in some of the major citrus producing
countries, such as Spain or South Africa, and require very strict conditions to avoid
fruit loss caused by chilling and/or freezing injury [8]. Both, cold-storage and har-
vest delay may lead to adverse alterations in the citrus-like flavor, and thus fruit
quality deterioration, even if MI or SSC remains acceptable for marketing [9]. In all
cases, fruit become more susceptible to the occurrence of physiological disorders
that cause internal and/or external defects. Among the most typical physiological
disorders registered through the supply chain of citrus fruit, there is the section
drying, the rind breaking disorder (RBD), the rind pitting disorder (RP), freezing
damage, and granulation, as reported for tangerine (Citrus tangerine Tanaka [10],
‘Nules Clementine’ mandarin (Citrus  clementina) [11], ‘Marsh’ grapefruit (Citrus
 paradisi Macfad.) [12], sweet lemons (Citrus limettioides Tan.) [13], and ‘Honey’
pomelo (Citrus maximaMerr.) [14], respectively. These disorders are difficult to sort
out by visual inspection at harvest, but lead to posterior fruit deterioration, limiting
their quality, shelf-life, price and acceptance by consumers. In fact, there are strict
standards for fruit sorting and grading, which require the detection of some of these
disorders, throughout the supply chain, as established by the California Department
of Food and Agriculture (CDFA). For exemple, it is not permitted to sell oranges
(Citrus sinensis (L.) Osbeck) if, generally, more than 15% of fruits per batch have
considerable freezing damage [15].
Therefore, the ripening of citrus fruit at harvest is a major determinant of their
final quality after the whole postharvest handling processes, the occurrence of
storage disorders, and the produce shelf-life span [16]. It also affects the rate of fruit
loss between the tree and the consumers’ home. Thus, the management and the
decision capacity of the optimal harvest date (OHD) is a critical step in the supply
chain. The current approach followed by producers and packinghouses to establish
it and therefore, to decide on the harvest, is to collect small fruit sets from the
various orchards by the beginning of each variety harvest season, and to use them to
determine QA through standard methods, that in most cases are destructive,
subjective and very time-consuming.
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However, all QA vary greatly inside the same orchard, either in terms of abso-
lute values and/or in terms of spatial and temporal distribution, and even in the
same tree. This has been shown in citrus orchards of ‘Shiranuhi’ mandarin (C.
unshiu  C. sinensis)  C. reticulata [17], ‘Ortanique’ (Citrus reticulata Blanco x
Citrus sinensis (L) Osbeck) [18], mandarin (Citrus reticulata Blanco) [19], and
‘Newhall’ and ‘Valencia Late’ orange [20]. Multiple factors, such as the level of
sunlight exposure and the associated fruit temperature on the tree, fruit yield and
size, tree vigor and age, rootstocks, site-specific nutritional requirements and
micro topographies within the orchard, are reportedly associated to this variability
[21–24]. Furthermore, the location of the orchards and their edaphoclimatic condi-
tions, as well as the cultural practices also induce variability on the fruit maturation
process, leading to different levels of QA and different ripening rates observed for
the same cultivar at different sites [20, 21]. Consequently, the number of tested
fruits with the standard methods is seldom statistically representative of the
orchard, leading to the sub-representation of the effective ripening stage of the fruit
within and between orchards, which results in a limited assessment of their ripen-
ing, heterogeneous fruit quality, a deficient OHD management and a weak trace-
ability in the citrus supply chain [25–27].
Overall, there is the need to upgrade the management and the sustainability of
citrus fruit supply chain with smart and nondestructive technologies that allow a
fast, objective, accurate and extensive assessment of fruit QA and ripening on-tree
and in the following postharvest, to replace conventional methods. Their aim would
be to deliver the best produce to the markets, and contribute to reduce the current
level of food loss around the globe, that involves a large portion of fruit and
vegetables [28–30]. Considering how much of the world’s population lacks food
security, and the importance of these commodities in the provision of essential
nutrients and vitamins, which could prevent malnutrition, that kind of technologies
would comply with the sustainable development goals (SDGs) proposed by the
Food and Agriculture Organization (FAO), International Fund for Agricultural
Development (IFAD), and the World Food Programme (WFP), in the 2030 Sus-
tainable Development Agenda, which supports a global commitment to end pov-
erty, hunger and malnutrition by 2030, creating a #ZeroHunger world [31, 32].
The large number of reports published in the past two decades, show an active,
and highly motivated research concerning the development of various nondestruc-
tive technologies for the assessment of quality and ripening parameters of a wide
variety of fruit, including citrus [16, 33–37]. These techniques are used on inline
sorting systems, on the bench or in the field and come in many forms, prices and
commercial brands. Among them, the visible–near infrared reflectance spectros-
copy (Vis–NIRS), is conceivably one of the most suitable and advanced nonde-
structive technologies currently used to monitoring several horticultural produces.
It has been implemented in applications ranging from the inline automated grading
systems, assessing up to 10–12 fruit per second, to handheld units suitable for field
use, operating in full sunlight and varying ambient temperature [38, 39]. Addition-
ally, it continues to grow stronger as a major investigation topic worldwide, with a
major potential for improvement and contribution to the state of the art of precision
agriculture and agronomic systems management [40].
This chapter comprises a brief explanation of Vis-NIRS fundamentals and a
review of the various reports on its application published since 2012. Reports
published before 2012 were already covered in the last review by [41] and will not
be repeated here, with a few exceptions that represent relevant breakthroughs in
the area. It will further attempt a critical evaluation on the limiting issues that need
further research, to implement it as an effective nondestructive method to assess
these commodities’ quality and optimal ripening.
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The authors invite the reader to complement this chapter with some of the
most outstanding reviews published throughout the years, by the main
researchers working on the subject (but not only in citrus). These reviews com-
prise the principles of the technique, its various methods and the listing of fruit
and the respective QA for which it has provided calibration models [41–45], the
overview on the publications and main research groups in the field [40], various
recommendations for future research activity in the area regarding the adequate
experimental design and the reporting requirements [38], as well as the current
real-life applications available on the market that seem to comply with the
warranted robustness for the technology to be integrated in the supply chain of
many crops, including citrus [38, 39].
2. Fundamentals of visible–near infrared reflectance spectroscopy
(Vis–NIRS)
In this review we will adopt the most common definition that Vis–NIRS covers
the wavelength range 400–2500 nm of the electromagnetic spectrum. The lower
limit is consensual, since it is the onset of the visible range, but the upper limit is
mainly defined by the spectral response of the most common spectrometers. It
comprises the visible (Vis) region (400–750 nm), the more penetrative short wave
NIR (SWNIR), or Herschel region (750–1100 nm), and the near infrared region
(750–2500 nm) of the spectrum [38, 39, 45]. The NIR radiation was discovered by
Friedrich Wilhelm Herschel in 1800, and was first used in agricultural applications
to measure the moisture in grain in the late 1960s [45]. The first Vis–NIRS applica-
tion was commercialized in Japan in 1989 to sort peaches based on SSC in an
automated grading line, but the research on its principles, applications and on the
development of new customized systems, have only followed some decades later,
being quite active nowadays [38–40].
2.1 Interaction of radiation with the fruit
When a light beam from the sun or a tungsten lamp, hits a fruit or any other
sample, the incident radiation may be specularly reflected, absorbed or transmitted,
and the relative contribution of each phenomenon depends on the chemical consti-
tution and physical parameters of the sample (Figure 1) [46]. The spectral distri-
bution of the radiation that penetrates the product change through wavelength
dependent scattering and absorption processes. The photons that enter the fruit
may emerge through multiple scattering in the tissue. Light emerging on the same
side of incidence is described as diffuse reflection, while light emerging on the
opposite side is described as diffuse transmition. Both diffuse modes may be under-
stood in a general sense as ‘transmitted’, according to the initial description. The
emerging diffuse light is collected by a spectrometer, originating the term diffuse
reflection spectroscopy. The spectral features depend on the chemical composition of
the product, as well as on its light scattering properties which are related to the
sample microstructure. Fruit and vegetables are turbid media, in which scattering
events dominate over absorption in the visible (400–750 nm), and particularly in
the SWNIR and NIR ranges of the electromagnetic spectrum (750–2500 nm) [44]
(see Figure 1).
In thin rind fruit most of light interaction takes place on the flesh and the skin
has mainly a modulation effect upon the spectra. In most citrus, however, most of
light interaction occurs in the thick rind and few photons probe the flesh. Thus, the
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assessment of IQA depends on the interplay between pulp and skin biochemistry
and their optical properties [47–49].
Absolute quantification of diffuse reflected light (for example, as spectral radi-
ance [Wsr1 m2 Hz1]) is of little use, because it depends obviously on the
characteristics of the light source. The calculation of reflectance avoids that subjec-
tivity, since it normalizes the absolute measurement of the sample’s reflection by
that of a reference material, usually a near perfect reflector (‘white’) in the wave-
length range under study. It should be stressed, however, that even the reflectance
depends on the collection geometry (solid angle of collection, viewed area, etc.).
Common choices for the reference material include Spectralon or Teflon, with
nearly 100% reflection in the Vis-NIR. Reflectance R λð Þ is calculated according to
the Eq. (1) presented below.
R λð Þ ¼
S λð Þ D λð Þ
Ref λð Þ D λð Þ
 100, (1)
where S stands for the Sample counts, D for the Dark counts, Ref for the
Reference counts and λ is the wavelength. Here, counts refer to the digitized output
of the spectrometer, which are proportional to the spectral radiance measured in a
specific geometry. The dark counts are obtained with the spectrometer closed and
represent the electronic noise, which must be subtracted from the sample and
reference measurements.
2.2 ‘Point’ and imaging measurements
Vis-NIRS is most commonly applied on specific ‘points’ of the fruit, by observ-
ing a small area, which produce an average spectrum for that specific site. This is
called point measurements. But Vis-NIRS can also be applied on extensive sections
across the fruit, throughmultispectral and hyperspectralmeasurements, which create
an image of the measured sections for each wavelength band [44]. The main
difference between multi- and hyperspectral modes are the number of wavebands
used. Multispectral imaging uses a set of filters and a common digital camera to
deliver typically no more than ten bands, while hyperspectral cameras merge imag-
ing and spectral separation in the optical hardware to produce hundreds of
Figure 1.
When light hits a fruit, the photons may be reflected at the fruit surface (specular reflection) or enter the fruit
tissue. In the latter case, a succession of scattering events takes place, where the photons change direction. Some of
them reemerge, originating diffuse reflection (or transmission, not represented), and the other are eventually
absorbed.
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contiguous wavebands. Another way to look into hyperspectral images is to think
that it yields the reflectance spectrum for each spatial position of a sample (i.e., for
each pixel of the image) [44]. Both techniques, although costly, have been shown to
successfully assess several IQA, diseases and defects in several fruit, including citrus
fruit [50, 51]. Yet, extensive investigation is needed to allow both the acquisition
and image processing software to be implemented in real-time systems. Thus, this
chapter will only address the systems that perform ‘point’ measurements, based on
their much wider spread, cost-effective and friendly use through the supply chain,
and particularly under field conditions. Further information on the principles and
applications of multispectral and hyperspectral Vis-NIRS technologies could be
found in the reviews by [44, 50].
2.3 Instrumentation and measurement setup
There are currently, a large variety of both commercial and lab-made
customized Vis-NIRS systems, with various shapes, sizes, and prices, that
operate in many spectral ranges, and have reportedly allowed the assessment of
several QA, the content of critical compounds and the diagnostic and/or prediction
of disorders in a wide sort of fruits, including citrus (Tables 2–4). Nevertheless,
most of the current commercial fruit applications of Vis-NIRS are based on the use
of silicon-based spectrophotometers comprising the Vis-SWNIR region (400–
1100 nm), because of their accessible prices and the larger light penetration depth
in this band, in comparison to the significantly more expensive InGaAs-based
devices (900–2500 nm), that do not add too much value to the quality assessment
procedure [39].
From handheld, benchtop, to inline automated grading system, all Vis-NIRS
devices comprehend the following fundamental components: an optical spectrome-
ter, a light source (usually a tungsten halogen light bulb) and collection optics
(optical fibers, lenses, integration spheres, dedicated probes). The current spec-
trometers typically include a connection for an optical fiber, an entrance slit (that
defines the spectral resolution), a diffraction grating to separate the light into its
spectral components, mirrors for collimation and focusing, and a light sensing
device that is usually a one-dimensional CCD (Charge-Coupled Device) or CMOS
(Complementary Metal-Oxide Semiconductor).
The Vis-NIR spectra may be acquired according to three principal geometrical
configurations, as depicted in Figure 2: the reflectance mode (a), the transmittance
mode (b), and in the interactance mode (c). The reflectance mode is susceptible to
receive specularly reflected light, which may be a disadvantage, since only a frac-
tion of the collected photons probes the fruit interior. In the transmittance mode the
photons probe necessarily the fruit interior; however, the optical signal may be
weak and noisy. The interactance mode is a tradeoff between the two previous
modes: by using a contact probe it avoids specularly reflected photons and receives
only those traveling through the fruit flesh. Also, the distance between light injec-
tion and collection is small, insuring a good optical signal. However, this is also a
disadvantage, since the probing depth into the fruit pulp is shallow.
The choice of the geometry is thus of the utmost importance for obtaining good
results, and should account for the fruit and the assessed QA. The penetration of
NIR radiation into fruit tissue decreases exponentially with the depth, which is
quite critical in thick rind fruit such as citrus [50]. Furthermore, the choice of the
detection mode might be influenced by the spectral range used, as report by [48], in
which both interactance and reflectance modes produced similar models to assess
the SSC of ‘Sunkist’ navel oranges in the Vis-SWNIR range, but the participation of
Vis region degraded this assessment in the transmittance mode. in general, to detect
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the internal defects, the transmittance mode should be chosen, while the other two
modes are quite reliable regarding other IQA (Tables 2–4).
2.4 Typical Vis-NIRS spectrum and its interpretation
All studies on the use of Vis-NIRS to assess the fruit QA start by acquiring the
reflectance (R) spectra, which is then converted to the respective absorbance log
(1/R) spectra (Figure 3). The main spectral differences observed in a wide variety
of fruit are in the visible region, namely in the 400–750 nm range. This is due to
changes in the pigments’ content through ripening, namely chlorophylls, caroten-
oids and anthocyanins present on the fruit rind [38]. In fruit that change from green
Figure 3.
(a) Average reflectance spectra of a set of 255 ‘Valencia Late’ oranges and 239 ‘Rocha’ pears acquired in the
Vis/NIR range in the interactance mode; (b) Average absorbance spectra of the same set of fruit. The nominal
positions of the most important absorption bands are indicated in the curves. The number is the order of the
transition, ν stands for stretching vibration, δ for bending vibrations and the sum indicates combination bands
(for example, 3ν+δ(O–H) represents the combination band of the second overtone of stretching with the
fundamental bending in O–H); (c) Savitzky–Golay [52] filter of second derivative order applied to the
absorbances. The bands are again indicated; (d) to (f) Same as in (a) to (c) but in the NIR range, with the
spectra acquired in reflectance mode.
Figure 2.
Setup for the acquisition of Vis-NIR reflectance spectra in (A) reflectance, (B) transmittance, and
(C) interactance modes. Based on [45].
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to yellow/orange/red colors through ripening, the spectral information on the pig-
ments’ absorption range, may provide accessory indirect correlations with IQA such
as firmness, as found in ‘Rocha’ pear (Pyrus communis L.) [53]. This, however, is not
so clear in citrus fruit because their color change do not correlate with their matu-
rity and depends on the orchards’ location climate [6]. Otherwise, the pattern of the
absorption spectra in the NIR range is quite similar among the various fruit species,
although position and magnitude of the peaks are fruit specific, even among citrus
fruit varieties [41]. The magnitude of the peaks and minima are also dependent on
the acquisition mode used, but in general the same features are present and the
landscape of the spectra is similar among the same fruit as reported for ‘Sunkist’
oranges [48].
The spectra in the NIR range convey information mainly related with vibrational
bands (stretching and bending) of the relevant functional organic groups, such as
O–H, C–H, C–O and C=O. The compilation of the main wavebands present in citrus
fruit, namely, O-H and C-H vibration absorptions are presented graphically in
Figure 3. These groups exist in all fruit organic molecules, but variations associated
with water and storage reserves may induce slight changes in the spectra that may
be related with the IQA. Vibration states are quantized and the transitions between
states are said to be fundamental or overtones. The fundamental transitions
(corresponding to a fundamental band) refer to the transition from the ground state
to the first excited state, and take place mainly in the infrared range, that is above
2500 nm. In this range, the absorption peaks are distinguishable and correlate
directly to specific compounds, allowing a better assessment of organic compounds
such as vitamin C, citric acid or sucrose, as reported in ‘Valencia’ orange [54]. In
contrast, the overtone bands correspond to transitions to higher excited states, with
a large number falling in the NIR range. For example, the first overtone band
corresponds to the transition from the ground state to the second excited state. A
very crude approximation is that the n-th overtone frequency is close to (n-1) times
the fundamental frequency. Thus, a general rule is that overtones have higher
frequencies and lower amplitudes than the fundamental. For example, the funda-
mental frequency for O–H stretching (1ν) is around 2700 nm, which means that is
beyond the range of the most common NIR dispersive-type spectrometers. How-
ever, the overtones are within their instrumental range: 2ν at 1420 nm (first over-
tone, strong intensity band), 3ν at 970 nm (2nd overtone, medium intensity) and 4ν
at 750 nm (3rd overtone, low/very low intensity band). The quoted values are only
indicative of a typical band central value. Indeed, the vibrations are dependent on
the chemical environment, which results in a frequency spread of the bands.
Finally, it is important to refer the combination bands. These correspond to the
superposition of vibration motions. For example, the fundamental bending mode
(1δ) of water at 6300 nm (infrared range) may combine with the fundamental
stretching mode at 2700 nm (1ν), to generate a combination band around 1900 nm
[ν+δ (O–H)]. Having in mind that the fruit tissue is composed by many different
organic molecules, it is easy to understand that the spectral landscape of fruit NIR
reflectance is a continuum, due to band superposition, as previously shown by [54],
when comparing NIR and medium infrared spectroscopies (MIR), to assess several
compounds in ‘Valencia’ oranges. Summarizing, the NIR spectra of a fruit contains
mainly overtones and combination bands of stretching and bending vibrations of
the main functional organic groups of relevant organic compounds regarding the
fruit IQA, such as O–H and C–H. The large number of possible vibrations and
corresponding bands originates a spectral landscape with very broad and unspecific
features, from which it is nevertheless possible to retrieve useful information. For
instance, [54] obtained better prediction of fructose and reducing sugars when
using NIRS than MIRS.
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The typical Vis–NIR and NIR reflectance and absorption spectra of ‘Valencia
Late’ orange and ‘Rocha’ pear are depicted in Figure 3 [55]. Both fruit spectra were
relatively flat from 700 to 910, followed by strong water absorption peaks around
970, 1450 and 1940 nm. However, the C-H bands may distort slightly the water
peaks, and the analysis of this distortion conveys more information than the main
peaks alone. It is from these patterns associated with the OH and CH vibrations that
it is possible to retrieve the information about sugars. Even the water bands by
themselves may convey information about the sugars, because the concentration of
sugars and water are interdependent [41, 56–58].
In the Vis–NIR range the most prominent feature is the 3ν(O–H) peak at
 975 nm. This peak is reported in the literature in the range 960–980 nm [57], but
the actual location depends on multiple factors: (i) the degree of OH bonding; (ii)
the temperature; (iii) the presence of other close bands. In other words, within
different chemical environments, the OH group will peak at different wavelengths.
Effect of (iii) is more clearly observed in Figure 3c. Indeed, the smooth 975 nm
peak observed in absorbance has a more fine structure disclosed upon derivation.
Thus, the peak 4ν(CH2) at 930 nm is actually coalescing with the main water peak,
causing a depression in the 2nd derivative left positive peak. The form of this
overlap is a source of information about all organic compounds content, namely
sugars, acids, proteins, etc.
A minor feature, but consistently observed in most fruit, is the slight inflection
around 840 nm, which is caused by the band 3ν+δ(O–H). In this case it is more
clearly observable in the reflectance spectrum, Figure 3a. In this discussion is
important to have in mind that second derivation of a symmetric peaks yields a
negative peak at the same position, with two lateral smaller positive peaks. This is
clearly observed for the 840 nm feature in the 2nd derivative plot, with the negative
peak coinciding with the 3ν+δ(O–H) absorption wavelength. On the contrary, the
peaks of the 3ν(O–H) features do not coincide in the absorbance and 2nd derivative
plots, which clearly indicates spectral overlap.
Similar curves are observed in other cultivars. For example, in ‘Newhall’ orange
[56] the same structure for the second derivative plot was observed, although a
different technique was used, namely the Norris derivative [59].
Concerning the NIR spectra, those from the oranges show three main peaks at
1190, 1450 and 1940 nm, whose origin may be traced to the 3ν(C–H), 2ν(O–H) and
ν+δ(O–H) bands, respectively. However, satellite bands overlap, as in the Vis/NIR
case. The most ‘pure’ peak is the first, around 1200 nm, corresponding to the 3ν(C–
H) band. As is the 840 nm band, absorbance and 2nd derivative peaks coincide. The
other two main peaks are more complex blends of two or more bands. For example,
the second peak around 1450 nm, although dominated by the stronger 2ν(O–H)
band, has contributions from 2ν+δ(C–H) and 2ν+2δ(C–H). Consequently, the 2nd
derivative feature associated with this mix is more complex. The same could be said
about the third peak.
Furthermore, due to several causes, the various peaks, even when they coincide
among different fruit, may present different levels of importance, signified by their
infrared values, with the various IQA. For instance, the combination band of OH
reported at 839 nm correlated highly with SSC in ‘Rocha’ pear samples, but not in
‘Valencia Late’ oranges [55].
3. Chemometrics
As it has been mentioned earlier, Vis–NIR spectra of fresh fruits tend to be
composed by a large superposition of absorption bands. The presence of a
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substantial amount of water in fresh fruit has a big impact in the spectra, dominat-
ing most of the spectral landscape. Therefore, the signals corresponding to the
absorption bands of key chemical compounds such as sugars and acids, become
masked by water and are only discernible as weak fluctuations in the spectrum.
Given the complex interplay between the multiple absorption bands and their weak
amplitudes, most of the times the linear relation between chemical compound
concentration and absorption (Lambert–Beer law) is almost lost. In order to be able
to extract information about chemical concentrations from this type of spectrum,
we have to look for relationships’ patterns between different wavelengths. This is
done resorting to multivariate statistical techniques, that when applied in the field
of analytical chemistry is called Chemometrics. This research field can be consid-
ered as a subset of the broader area of Machine Learning, and pursues the same
goals, i.e., infer critical information from high dimensional data. There is a vast
literature on this subject for those who wish to learn more about Chemometrics.
Here are some suggestions for introductory and advanced levels [60–64]. In this
section, it is presented a brief introduction to the scientific language used in this
area, with the sole objective of familiarize the reader with the main concepts that
are often presented in the literature. In Vis-NIRS of fresh fruit, the input data are
spectra, i.e. one-dimensional arrays of values, each one corresponding to the inten-
sity of light (diffusively reflected or absorbed) at a specific wavelength. Each
spectrum Xn (n ¼ 1, … number of samples) represents a measurement or sample
and each point xi (i ¼ 1, … , number of variables) of the spectrum is usually
referred to as input variables, spectral features or simply as ‘wavelengths’. The
macroscopic properties or QA features that are obtained through laboratory testing
(e.g. SSC, firmness, etc.) are commonly defined as target variables Yn or simply
attributes. Chemometrics consists on the application of mathematical/statistical
methods that allow mapping the spectral features xi into the target variables Y.
These methods can be subdivided into two broad subcategories: unsupervised and
supervised. In the former type of method, only the input variables xi are used and,
the main purpose is to find, for example, trends within the data, clusters that can be
used for classification or other general characteristics of the data set. On the other
hand, supervised methods use both input and target variables and can be used for
classification tasks (e.g. discriminate between different fruit sub-species or origins)
or for quantitative (regression) prediction of attributes that have continuous
distributions (e.g. SSC, firmness, TA, etc.).
3.1 Spectral pre-processing and outlier detection
In order to implement the best calibration model possible to predict the expected
QA, often the spectral data has to be preprocessed before being used. Preprocessing
techniques are used to remove irrelevant information (noise, systematic errors and
faulty samples) that can degrade the performance of the numerical algorithm used
to develop the calibration model. Several preprocessing methods have been created
for this purpose and reviews, such as [61, 65], present a wider scope of these
techniques. A brief summary of the most commonly used methods is presented in
Table 1. For Vis-NIRS, the most common forms of spectral preprocessing can be
stacked into two groups: scatter corrections (SC) and derivative techniques (DT).
Scatter-corrective methods are used to remove the influence of scattered light that
can contaminate the diffuse reflectance spectra. The rationale behind SC techniques
is to remove effects that are unrelated to the chemical composition of the samples
and that just depend on the measurement geometry or samples morphology. On the
other hand, DT are designed to improve signal to noise ratios, eliminate systematic
baseline biases and enhance spectral variations. Another type of preprocessing
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commonly mentioned in the literature is outlier detection. This process consists in
identifying and removing from the data set, samples that are very different from
the rest of the samples. These outliers can be for example, reflectance spectra that
were defectively acquired or fruit with odd properties. The idea is to remove these
samples from the data set, using some pre-defined metric in order to feed the model
only with the most representative samples in the data set that lead to a correct
mapping of the attribute being predicted by the calibration model constructed.
3.2 Clustering
In Vis–NIR spectra of fresh fruit, the common spectrum is often described by
smooth mounds and soft depressions. This means that adjacent wavelengths can be
highly correlated. Therefore, in order to reduce redundancy of information pro-
vided by neighbour features xi, xiþ1, xiþ2, …½  (also called co-linearity), sometimes it
is beneficial to restrict the number of used input variables. This is often called
dimensionality reduction and is very important for the right operation of certain
calibration models. The simplest way to deal with this problem is by using sub-
sampling, where a certain number of spectral features are discarded, e.g. every 3rd
or 5th point in the spectra. To deal with this problem of dimensionality reduction,
some ‘clever’ algorithms were introduced, the most common being the Principal
Component Analysis (PCA) algorithm, the Hierarchical Clustering Analysis (HCA)




Each spectrum Xn is regressed against a reference
spectrum (usually the mean spectrum, Xm) using a least
square method. Then, the corrected spectrum is computed
based on these regression coefficients. There are more
sophisticated variants of this method (e.g. Extended MSC
[67] that try to correct for additional additive effects).
SNV (Standard Normal Variate) [68] Each individual spectrum Xn is normalized to have zero
mean and unit variance. In some cases, this can also appear
as sample standardization.
Smooth derivatives (Savitzky–Golay (SG)
[52] and Norris-Williams (NW) [59]
The spectrum derivative in relation to the wavelength is
computed. Usually the first derivatives remove baseline
effects and the second derivative remove baseline and
linear trends in the spectrum. Smooth derivatives are
computed using an averaging multi point window in order
to be more robust against spurious noise. SG and NW
algorithms are the most common methods to compute
these derivatives.
De-trending This process consists in fitting a polynomial (usually 1st or
2nd order) to the spectrum and subtract it from the signal.
This provides baseline correction.
Scaling Scaling is a sort of umbrella under with we can find
multiple types of data manipulations. The most common
ones are: baseline subtraction, sub-sampling,
normalization on columns (all spectral features in the data
set are scaled between a max and min values) and
normalization on rows (the individual spectral features are
scaled between min and max).
Table 1.
Most common spectral preprocessing techniques.
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cluster to a class) and for outlier detection as well. If samples are too far apart from
the defined clusters (according to some metric such as the Euclidean distance or the
Mahalanobis distance), then this suggests that it might be an outlier.
3.3 Classification and regression models
As we mentioned earlier, depending on the problem at hand, we might need to
implement a classification or a regression model for our data. Multiple Linear
Regression (MLR) is perhaps one of the most straight forward methods to imple-
ment. It expands the application of simple linear regression to the multivariate case
by linearly combining them. Due to its simplicity, this method has some drawbacks,
namely an inefficient applicability in the cases of high co-linearity in the data, and
when the number of features in the data set is higher than the number of samples.
This is often the case of fresh fruit Vis–NIRS datasets and hence its applicability has
been limited. One way of overcoming these limitations, is to use a dimensionality
reduction method, such as PCA and then perform MLR on these lower dimensional
components. This workflow is known as Principal Component Regression (PCR).
Partial Least Square Regression (PLS) is without question the most widely used
method to create calibration models to predict the most QA of fresh fruit
(Tables 2–4). As opposed to PCA, the PLS algorithm takes into account the covari-
ance between input xi and target Y i variables. In the same spirit as PCA, PLS also
projects the data into a latent space, but this time the components are defined along
the direction of maximum variance between xi and Y i. These components are called
latent variables (also named factors by some researchers), are built in order to
model the target variable, and their number is what defines the quality of the PLS
model. In general, a low number of latent variables usually lead to more robust
predictions, but that might not always be the case. A variant of PLS named PLS
Discriminant Analysis (PLS-DA) can be used to deal with classification scenarios
when the target variables Y i are not continuous (e.g. 0, 1 for fruits without and with
defects). The models mentioned so far are can be described as linear because they
rely on a linear combination of multivariate solutions. Besides the easiness of
implementation, they are also classically appreciated in Chemometrics because they
are easy to interpret in terms of feature importance, i.e., after fitting the model to
the data we can back-trace some parameters (e.g. regression coefficients) and find
what wavelengths or spectral bands better contributed to the prediction. In turn,
this allows inferring information about the chemical concentrations and can be used
to identify biological and metabolic behaviors.
In the last couple of decades, non-linear models imported from other areas of
Machine Learning have begun to permeate Chemometrics, and given its high use
case in the literature, Support Vector Machines (SVM) is one of the most popular.
The strategy of this model consists in searching for boundaries that separate two
cluster or classes. The algorithm tries to find the best boundary between classes by
maximizing a distance margin between neighbor samples. It has the advantage that
it can use kernel tricks to transform the data points into another mathematical
space, where these boundaries are easier to establish. SVMs were initially used for
classification tasks, but have been extended to deal with regression problems as well
(SVR). SVR has been used successfully for many datasets, and the most often
mentioned drawback is the complexity of its optimization task. Another popular
type of non-linear models that is often used for classification and regression prob-
lems is Neural Networks (NN). These represent a wide class of algorithms with
many types of architectures and are derived from the field of Artificial Intelligence.
In recent years, classical NN architectures such as the Multi-Layer Perceptron has
12
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IQA Unit Range (nm) Mode Stat Method Val RMSEP R2 RPD Ref
‘Marsh’ grapefruit
Suc g/kg 400–2500 R PLS I 35 0.94 3.76 [69]
Gluc mg/g 18 0.77 1.80
TPh gGAE/kg 0.37 0.59 1.03
DPPH % 5.8 0.85 2.45
TotCar g/kg 2.9 0.80 1.71
VitC g/kg 400–700 0.20 0.95 3.33
Chl a g/kg 0.79 0.87 2.31
Chl b g/kg 2.8 0.94 3.61
‘Star Ruby’ grapefruit
SSC % 850–2500 R PLS E 0.31 0.90 2.94 [70]
TA g/100 mL 0.07 0.83 2.46
MI SSC/TA 0.45 0.81 2.32
BrimA SSC-TA 0.43 0.86 2.68
‘Trovita’ orange
RateOleoc 400–1000 R PLS I 0.008 0.97 — [71]
DegOleoc 0.005 0.97 —
‘Valencia’ orange
SSC % 900–1800 R PLS E 0.58 0.69 1.87 [72]
VitC mg/mL 1050–2000 I 8.01 0.43 1.33
SSC % 850–2500 R PLS E 0.28 0.93 3.57 [70]
TA g/100 mL 0.02 0.93 3.88
MI SSC/TA 0.61 0.96 4.92
BrimA SSC-TA 0.006 0.96 3.96
Firm N 1000–2500 R PLS E 6.22a 0.85 — [73]
Pectin % 1000–2500 5.04a 0.49 —
VitC mg/L 1000–2500 R PLS I 95 0.50 — [54]
CitAc g/L 3.8 0.56 —
Suc g/L 12 0.56 —
Gluc g/L 6.7 0.67 —
Fruct g/L 5.0 0.66 —
TotSug g/L 12 0.64 —
RedSug g/L 20 0.67 —
‘Shatian’ pomelo
WC % 400–1700 T PLS I 0.49 0.74 — [74]
Granul 0.096 0.97 —
‘Honey’ pomelo
Granul 400–1700 T PCA-NN I 0.97–0.98b — — [14]
sweet lemon
Freeze Binary 400–1100 T SIMCA I > 92%b — — [13]
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IQA Unit Range (nm) Mode Stat Method Val RMSEP R2 RPD Ref
Injury PCA-NN 100%b — —
SVM > 92%b — —
aSEP values.
bThis value corresponds the accuracy of the classification.
Table 2.
Overview of applications of Vis-NIRS to measure the quality attributes of citrus fruit by benchtop devices. List
of symbols in Table 5.
IQA Unit Range (nm) Mode Stat Method Val RMSEP R2 RPD Ref
‘Marsh’ grapefruit
RindPitt 400–2500 R PLS E 5E-4 0.89 — [12]
DM % 400–850 0.30c 0.88 —
‘Ehime Kashi28’ mandarin
SSC % 750–1050 I PLS I 0.59 0.71 — [75]
‘Imperial’ mandarin
SSC % 720–950 I MPLS E 0.6–0.8d 0.5-0.8 1.2-3.4 [76]
DM % 0.6e 0.9e —




TA g/100 mL 400–1040 T PLS I 0.09 0.41 — [78]
SSC % 0.65 0.85 —
VitC mg/100 mL 2.80 0.64 —
TA g/100 mL BPNN 0.09 0.42 —
SSC % 0.64 0.86 —
VitC mg/100 mL 2.70 0.64 —
‘Nules Clementine’ mandarin
WL g 900–1700 I PLS I 2.76 0.83 2.34 [11]
DMC % 0.92 0.92 3.57
Sucrose mg/g DW 24 0.77 1.4
Glucose mg/g DW 11 0.88 2.86
Fructose mg/g DW 12 0.90 3.23
TotSug mg/g DW 31 0.90 3.15
RBD binary 450–1000 I PLS E 0.36 0.37 — [79]
Orange
SSC % 600–1100 R PLS I 0.73 0.35 — [80]
600–950 0.60 0.66 —
600-1100B VABPLS 0.60 0.67 —
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been increasingly substituted by more modern architectures developed for Deep
Learning. The most promising of these NN are the so called Convolutional Neural
Networks that have been very successful in image recognition tasks.
3.4 The quality of a calibration model
Independent of the type of model that is used for prediction or classification, the
important thing is to find how well it performs on the desired data. To assess the
quality of the predictions made by the calibration models, several metrics are often
used. In a recent review by [38], the author makes a case for the uniformization of
the report of error metrics in future publications. In what follows these recommen-
dations are highligted. The partitioning of the data for model development is very
important. The data set should always be split into two sub-sets, called train and test
sets. The train set, as its name suggests, is used for the calibration model develop-
ment and, once the main hyper-parameters have been established, the model is used
to predict the test set and assess its performance. Model development can be done
with the full train set using a cross-validation strategy or by further splitting it into
calibration and tuning (or assessment or validation) sets. As a note of caution, it is
important to mention that for different areas of Machine Learning the names given
to these data splits can vary and that can lead to some confusion. Otherwise, the test
set should be derived from a different distribution from that of the train, in which
case it is named as external validation set [45]. For example, data from two
IQA Unit Range (nm) Mode Stat Method Val RMSEP R2 RPD Ref
‘Gannan’ orange
SSC % 820–950 I PLS I 0.40 0.77 — [81]
SVM 0.32 0.84 —
SSC % 600–1100 T PLS I 0.55 0.85 2.57 [82]
685-983a SPAPLS 0.57 0.84 2.51
Navel orange
SSC % 580-970b T PPSOPLS I 0.43 0.79 — [83]
‘Valencia Late’ orange
SSC % 400–1000 R PLS I 0.33 0.92 — [84]
TA mg/L 0.07 0.73 —
BrimA SSC-TA 0.37 0.84 —
MI SSC/TA 1.03 0.76 —
‘Page’ tangelo
TA c.a./100 g 400–1000 R PLS I 0.03 0.77 — [85]
SSC % 0.40 0.72 —
aSelected wavelengths in this range.
bSelected wavelength bands in this range.
cCross validation.
dCombinations of cal. and val. Sets.
eCalibration.
fCombinations of cal. and val. sets (harvest day).
gCombinations of cal. and val. sets (orchard location).
hCombinations of cal. and val. sets (season).
Table 3.
Overview of applications of Vis-NIRS to measure the QA of citrus fruit by portable spectrometers/systems under
laboratory conditions. List of symbols in Table 5.
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1600–2400 R MPLS I 0.15 0.56 — [86]
SSC % 0.77a 0.50 —
MI SSC/TA 1.46a 0.53 —
pH 0.11a 0.61 —
MPF N 7.3a 0.45 —
PerTh mm 0.54a 0.51 —
TA % acid
citric
1600–2400 R LOCAL I 0.13a 0.76 2.08 [87]
SSC % 0.71a 0.57 1.51
MI SSC/TA 1.13a 0.79 2.14
pH 0.11a 0.74 1.91
BrimA SSC-TA 0.70a 0.75 2.0
5 cultivars of orange
SSC % 450–1100 I PLS E 0.86 0.56 — [88]
‘Newhall’ orange












SSC % 500–1690 R LOCAL I 0.62 0.74 — [89]
MPF N 4.64 0.74 —
PerTh mm 1100–1690 0.58 0.68 —
Juice
Weight
g 18 0.68 —
SSC % 1600–2400 R LOCAL I 0.80 0.81 2.23 [87]
MI SSC/TA 3.56 0.65 1.69
BrimA SSC-TA 0.85 0.82 2.33
‘Clemenvilla’ mandarin and ‘Powell Navel’ orange
JuiceMass g 1600–2400 R LOCAL I 0.92a 0.69 1.77 [90]
PerTh mm 28a 0.72 1.86
SSC % 1600–2400 R LOCAL 0.86a 0.78 2.09 [87]




MI SSC/TA 2.98a 0.77 2.08
BrimA SSC-TA 0.84a 0.78 2.15
aCorrected to bias.
Table 4.
Overview of applications of Vis-NIRS to measure the quality attributes of citrus fruit by portable systems
on-tree. List of symbols in Table 5.
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consecutive harvest seasons are used as train set, while the test set uses data from a
third season. A similar situation can be envisaged by using a train set collected from
different orchards or origins, than that used for validation. Yet, given the large
amount of time invested in acquiring this type of data, multi-seasonal or multi-
orchards test data sets are not often found in the literature. In contrast, laboratory
models with homogeneous fruit sets are abundant (Tables 2–4). Currently, the
most common procedure when constructing and validating Vis-NIRS models for
the various fruit QA is to separate a fraction of the available samples as train/
calibration set (usually 80%), and the remaining as test/validation set (usually
20%). Furthermore, the validation samples are typically chosen as the best possible
representation of the whole set and within the variation range of the train set. This
has been applied even when the models comprehend several species and/or culti-
vars, orchard locations and harvest years, which are mixed in the calibration and
validation sets [90]. All studies included in Tables 2–4 that used this approach,
were labeled as internal in the validation column. Internal validation does not
ensure the success of a continuous monitoring application, which is a dynamic and
open process, particularly, if one aims to use the Vis-NIRS in real world applica-
tions, being in inline grading systems or handheld devices. Once the model is
applied to the test set and a final prediction is made, one can assess how well the
model performs by computing several metrics. If the model was developed for




β Car: β carotene; BrimA: Brix minus Acids (SSC-k(TA)); Chl a:
chlorophyll a; Chl b: chlorophyll b; CitAc: Citric Acid;DegOleoc: Degree
of oleocellosis; DMC: Dry Matter Content; DPPH: 2,2-diphenyl-1-
picrylnhydrazyl; DM: dry matter; Firm: Firmness; Fruct: Fructose; Gluc:
Glucose; Granul: Granulation; JuiceVol: Juice Volume; MPF: Maximum
Penetration Force;MI: Maturation Index; Pectin: Pectin Content; PerTh:
Pericarp Thickness; RateOleoc: Rate of oleocellosis; RBD: Rind
Breakdown disorder; RedSug: Reduced Sugars; RindPitt: Rind Pitting;
SSC: Soluble Solid Content; Suc: Sucrose; TA: Titratable Acidity; TAO:
total antioxidant capacity; TotCar: Total Carotenoids; TotSug: total
sugars; TPh: Total Phenolic content; VitC: Vitamin C; WC: Water
Content; WL: Weight Loss
Mode: mode of acquisition R (Reflectance), I (interactance) or T (transmittance)
StatMethod: Statistical
method employed
iPLS: Interval PLS; LAR: Least Angle Regression; LOCAL: Patented
algorithm for PLS regression from a subset of proximal calibration
samples; LS-SVM: Least squares support vector machines; MLR:
Multiple linear regression; MPLS: Modified PLS PCA-NN: Principal
components analysis combined with artificial neural networks; PCA-
BPNN: back propagation neural network (BPNN) based on principal
component analysis (PCA) PLS: Partial Least Squares; PPSOPLS:
piecewise particle swarm optimization (PPSO) algorithm based PLS
SIMCA: Soft independent modelling of class analogy; SPAPLS: Succesive
Projections algorithm coupled with PLS; SVM: Support vector machines;
VABPLS: variable adaptive boosting partial least squares
Val: Model validation type I (internal), CV (cross validation only), E (external)
RMSEP: Root Mean Square Error of Prediction
R2: Coefficient of determination
RPD: Residual predictive deviation
Table 5.
List of abbreviatures used in Tables 2-4.
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the coefficient of determination (R2), and the standard deviation ratio (SDR) or
ratio of performance to deviation (RPD) or residual standard deviation (RSD). If
the model is developed for classification, the advised metrics are accuracy (ACC),
F1 score and receiver operating characteristic (ROC) curve. For completeness, these
metrics are often computed not only for the test set, but also for the calibration, and
tuning sets as well. The comparison between calibration (C), tuning (CV) and test
set (P) error metrics allows to understand how well the model generalizes, i.e. how
the information learned by the model during training transposes to the final exter-
nal validation dataset.
4. Prediction of quality attributes
Vis-NIRS combined with various chemometric methods has produced calibra-
tion models to predict simultaneously multiple QA of various citrus species and
varieties, which are presented in Tables 2–4. These attributes range from fruit size,
weight and color [90] to SSC, MI, external and internal defects, several compounds
such as sugars, acids, pigments and antioxidants. As expected, these models address
predominantly several varieties of orange and mandarin, but also grapefruit, lime,
pomelo, sweet lemon and tangelo. The spectral ranges used cover the whole Vis-
NIRS range. The majority of the Vis-NIRS calibration models were obtained from
samples collected and assessed under controlled conditions in the laboratory,
after fruit temperature equilibration, either with benchtop or handheld devices
(Tables 2 and 3). Despite the large market availability of the latter, presenting
different levels of portability, spectral ranges, sizes, and prices, only a few studies
have focused on its application to assess the quality and ripening of oranges and
mandarins on-tree (Table 4), perhaps due to the complexities involved under field
conditions, and the performance deterioration of calibration models, in spite of the
spectral range used [86–90]. Nevertheless, the QA assessed on-tree (Table 4) com-
prise fruit mass and size, color parameters [86, 89, 90], pericarp thickness, SSC, TA,
firmness, MI, juice pH and mass, and BrimA index, which measures the balance
between sweetness and acidity as described by [12]. Noteworthy, the majority of
the calibration models exhibited R2 <0:8, despite the range used, and did not
include external validation, except for [56, 88].
Grading lines equipped with Vis-NIR sensors are now commercially available
from various companies, to assess both the EQA and IQA of citrus fruit [38–40].
Unfortunately, the scientific evidence about the accuracy of these systems is very
scarce, due to the ‘industrial secrecy’. Nevertheless, there are a few cases of part-
nership among the industrial sector and the research groups to know the real
applicability and their performance in assessing citrus fruit QA by such equipment
[91], in most cases still in the prototype stage, as reported by [92, 93]. Valero [91]
evaluated the performance of a customized NIR equipment installed underneath the
fruit conveyor to sort oranges and mandarins in a Spanish packinghouse. This
system working in a transmittance mode in the 650–970 nm spectral range, only
provided calibration models that could discriminate between low and high values of
SSC for both mandarin (R = 0.76–0.86; SEP  0.9 °Brix; RPD  0.74) and orange
(R = 0.87; SEP  0.7 °Brix; RPD < 1.5). No acceptable models were obtained for TA
in neither species. Miller and Zude [92] evaluated the performance of a Vis-NIRS
system to assess the SSC of ‘Indian River’ red grapefruit and ‘Honey’ tangerine from
Florida in a sorting inline prototype, with R2 ranging from 0.15 to 0.67. The proto-
type percent correct classification averaged 85% for SSC at 10 °Brix and 79% for an
11 °Brix setpoint in the second-year of tests. Otherwise, [93] reported on the devel-
opment and laboratory testing of the nondestructive citrus fruit quality monitoring
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prototype system, which consisted of a light detection and ranging (LIDAR) and
Vis-NIRS sensors installed on an inclined conveyor for mimicking real-time fruit
size and SSC measurement respectively, during harvest. Laboratory tests in ‘Valen-
cia’ orange revealed that the system was applicable for instantaneous fruit size
(R2 = 0.91) and SSC (R2 = 0.677, SEP = 0.48 °Brix) determination.
The various Vis-NIRS calibration models presented in this chapter, show differ-
ent levels of accuracy, prediction and robustness for the various attributes, SSC
being the most successfully IQA assessed at all spectral ranges, independently of the
devices used (Tables 2–4). Both juice pH and vitamin C also seem easily assessed by
devices operating in the Vis-SWNIRS range devices [78, 94, 95], but TA has been
shown to require wavelengths range > 1000 nm [13, 96]. Additionally, calibration
models for firmness have been difficult to obtain, although there are a few excep-
tions reported for several orange varieties, in the reflectance mode and in the ranges
500–1690 nm [89], and 1000–2500 nm [73]. Of course, the calibration models for
specific compounds, such as sugars, acids or antioxidants, require in most cases the
longer NIR spectral range [12, 54, 69].
Both external and internal defects in citrus have been successfully predicted by
Vis-NIRS, such is the case of the section drying in tangerine (transmittance; 780 and
960 nm) [10], oleocellosis in ‘Trovita’ orange (reflectance; 400–1000 nm) [71], the
freeze damage in sweet lemon (half-transmittance; 400–110 nm) [13], the rind
pitting in ‘Marsh’ grapefruit (reflectance; 400–2500) [12] or the granulation in
‘Shantian’ pomelo (transmittance; 400–700) [74]. However, [97] was not able to
predict the external disorder RBD in ‘Nules Clementine’ mandarin (interactance;
range 450–1000 nm).
Among the chemometrics methods used to construct the calibration models, PLS
is still the main linear regression technique used, and the one to produce the best
models for the widest number of QA (Tables 2–4). However, there are some
exceptions, regarding the use of non-linear techniques, which were shown to
deliver calibration models with equivalent or even better prediction and accuracy
for several QA than PLS. Among these, there is the WT-LSSVR, BP-NN and LS-
SMV that provided models with higher prediction capacity for SS in ‘Gannan’
orange [81], SSC, TA and vitamin C in Nanfeng mandarin [78] and in ‘Newhall’
orange [96], respectively. The LOCAL algorithm has also shown to produce better
models than MPLS for firmness and juice mass in ‘Powell Summer Navel’ orange
[89], and in ‘Clemenvilla’mandarin [90]. SIMCA, SVM and particularly PCA-ANN,
also allowed to assess with a total accuracy >98% the freeze damage in sweet lemon
[13] and PCA-GRNN allowed the assessment of the granulation in ‘Honey’ pomelo
at a classification accuracy (CA) > 95% [14].
Independently of the chemometrics technique used, for the majority of the
models presented in Tables 2–4, the train and test fruit sets were chosen from the
same batch, orchards or seasons. Even when the whole data set comprised fruit
from several orchards, harvest season or citrus varieties, the usual approach was to
randomly choose 80% of the whole data set to construct the calibration model and
20% to validate it, as reported by [90, 97]. A truly stringent external validation is
thus required to have a realistic idea of the models’ performance in orchard and/or
cargo batch monitoring. External validation means validation through a dataset
with a different origin (spatial or temporal) relatively to the datasets used in
calibration. Nevertheless, there are some clear examples of this approach, such as
previously reported for mandarin [76, 79, 97–99], orange [12, 56, 70, 72, 73, 79,
88, 97], and grapefruit [12, 70]. Without the effective external validation, it is not
possible to know exactly how well these models would work in real conditions due
to the large variability within the trees, orchards, sites and harvest seasons. Yet, a
certain degree of deterioration of the initial model prediction is expected, which
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would warrant further attention. This has been reported by [56, 77, 88]. Yet, there is
space and potential for improvement beyond the ‘proof of concept’, if one aims to
use these devices on the daily routines of the orchards’ management. This has been
suggested by [56, 78] through model recalibration using a few fruits from the new
harvest season/orchard, or by achieving a strong degree of robustness by
constructing a multi-seasonal and multi-orchard model as reported by [89] for
‘Newhall’ orange, which will be much more advantageous when assessing the
ripening of fruit on-tree.
5. Future research and perspectives
Vis-NIRS has been incorporated by a large number of companies in commercial
applications to be used on inline, benchtop and handheld systems. However, there
are several topics regarding the full potential and limitations of this technology that
require attention and further research in order to provide the consistency warranted
by the daily basis routines of the citrus supply chain when assessing fruit quality
and ripening. Firstly, all researchers engaged in this area should report their results
in a uniform way, particularly in what respects the obtained models’ metrics [38].
This would allow a better understanding on the effective advances and contribu-
tions made by each study. Other models’metrics parameters, such as the prediction
gain, may also be useful, as reported by [100]. Secondly, the calibration models’
robustness must be addressed and solved through a stringent multi-year, multi-
cultivar and multi-orchard validation, such as previously reported by [56]. The
usual approach of validating calibration models with a random fraction of the total
available data set, even when the models comprehend several varieties, orchard
sites and harvest years does not ensure the success of a continuous monitoring
application and delivers unrealistic performance metrics [76, 77]. The usual
recalibration and spiking approaches used to improve the initial calibration models
with a few fruits from independent data sets that will be then assessed, assume that
those fruits used to recalibrate/update the model constitute a faithful representation
of the new population and are common techniques in various commercial devices,
for inline and benchtop systems. However, this becomes quite difficult to apply if
one aims to monitor the on-tree fruit ripening evolution through time, for the fruit
sampled in the first weeks cannot represent those to be measured in the last weeks
of the harvest season. Thirdly, there is a large potential for models’ improvement,
by using the non-linear techniques of machine learning, and those of deep learning.
Fourthly, there is much to understand on the effect of the rind in the assessment of
the pulp IQA in citrus fruit, since the NIR radiation hardly gets to the fruit pulp, and
both biochemical and optical properties have a major role to play in the spectral data
acquired [47, 49, 95, 101, 102]. Fifthly, the calibration models should be able to
predict attributes that are closer to the organoleptic evaluation of the fruit. It is the
case of BrimA index, a better indicator of fruit sweetness that the SSC, which was
satisfactorily predicted in orange, grapefruit and mandarin [12, 87]. Finally, the
handheld devices must really be tested under field conditions, if one aims to assess
the fruit on-tree, which is essential for the OHD decision.
6. Conclusions
The usefulness of Vis-NIRS combined with different chemometric techniques in
the supply chain of citrus fruit is already quite extensive and growing, similarly to
many other commodities. In this chapter the authors only addressed the classic
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spectral ‘point’ measurements, but it is quite clear that both inline, benchtop and
handheld devices are used to assess nondestructively multiple QA in various citrus
species and cultivars, with a clear predominance of orange and mandarin. Among
these attributes, there are both EQA and IQA, as well as defects caused by various
factors, such as physiological disorders. The devices available on the market are
from various brands, operate in various ranges and present a wide variety of prices.
Aside from the “proof of concept” made by many studies, that the authors tried to
comprise as much as possible in this chapter, there are several issues that still need
to be addressed by researchers, a major one being the need for a stringent external
validation of the calibration models, in order to assure robustness and to fulfill with
the essential requirements to include this technology in the daily routines of these
crop supply chain. This is of the utmost importance when considering the assess-
ment of fruit ripening on-tree to determine the optimal harvest date for each
orchard, or sections of the orchard. This is highly significant based on the determi-
nant effect of producing and harvesting the fruit at its best ripening stage, thus
assuring the best quality throughout the whole postharvest and shelf-life. As a
concluding remark, it is very important to add that these devices are of medium and
high cost, and that are not the kind of technology to ‘set and forget’, as reiterated by
[39], which demands not only for a budget to acquire the systems, but also to
maintain them, and to keep the continuous update and improvement of the cali-
bration models, that in most cases need the selling company assistance. Thus, there
must be a cost–benefit that both the producers and packinghouses have to meet
through the added commercial value to citrus fruit by these systems, and the
consumer willingness to pay for fresh fruit graded in terms of IQA such as sugar
content, acidity and nutraceutical properties.
Acknowledgements
The authors acknowledge FCT - Fundação para a Ciência e a Tecnologia,
Portugal, for funding CEOT project UIDB/00631/2020 CEOT BASE and UIDP/
00631/2020 CEOT PROGRAMATICO, and MED- Project UIDB/05183/2020. Dário
Passos was funded by project OtiCalFrut (ALG-01-0247-FEDER-033652). Rosa
Pires was funded through a BI fellowship from project NIBAP (ALG-01-0247-
FEDER-037303).
Conflict of interest
There are no conflicts of interest.
21
Nondestructive Assessment of Citrus Fruit Quality and Ripening by Visible–Near…
DOI: http://dx.doi.org/10.5772/intechopen.95970
Author details
Ana M. Cavaco1*†, Dário Passos1†, Rosa M. Pires1,3, Maria D. Antunes2†
and Rui Guerra1†
1 CEOT—Center for Electronics, Optoelectronics and Telecommunications,
University of Algarve, Faro, Portugal
2 MED—Mediterranean Institute for Agriculture, Environment and Development,
University of Algarve, Faro, Portugal
3 Siglas - Formação, Consultoria and Investigação, Lda., Faro, Faro, Portugal
*Address all correspondence to: acavaco@ualg.pt
†These authors contributed equally.
© 2021 TheAuthor(s). Licensee IntechOpen. This chapter is distributed under the terms
of theCreativeCommonsAttribution License (http://creativecommons.org/licenses/
by/3.0),which permits unrestricted use, distribution, and reproduction in anymedium,
provided the original work is properly cited.
22
Citrus - Research, Development and Biotechnology
References
[1] FAO - Citrus fruit fresh and processed
statistical bulletin, 66 pp. 2017. Available
from: http://www.fao.org/publications
[Accessed: 2020-10-20]
[2] Liu Y, Heying E, Tanumihardjo SA.
History, Global Distribution, and
Nutritional Importance of Citrus Fruits.
Comprehensive Reviews in Food
Science and Food Safety. 2012; 11(6):
530–545. doi.org/10.1111/
j.1541-4337.2012.00201.x
[3] Codex Alimentarius - International





[4] Lado J, Rodrigo MJ, Zacarías, L.
Maturity indicators and citrus fruit
quality. Stewart Postharvest Review.
2014; 2 (2): 1–6.
[5] Ladaniya MS. Citrus fruit: Biology,
Technology and Evaluation. 1st Edition.
Academic Press (Elsevier); San Diego;
2008. 576 p
[6] Abbas F, Fares, A. Best management
practices in Citrus production. In:
Tennant P, Benkeblia N (Eds) Citrus II.
Tree and Forestry Science and
Biotechnology. 2009; 3 (Special Issue 1):
1–11.
[7] Etebu E, Nwauzoma AB. A review on
sweet orange (Citrus sinensis L Osbeck):
health, diseases and management.
American Journal of Research
Communication. 2014; 2 (2): 33–70.
[8] Ferreyra MLF, Perotti V,
Figueroa CM, Garrán S, Anderson PC,
Vázquez D, Iglesias AA, Podestá FE.
Carbohydrate metabolism and fruit
quality are affected in frost-exposed
Valencia orange fruit. Physiologia
Plantarum 2006; 128(2): 224–236. doi.
org/10.1111/j.1399-3054.2006.00744.x.
[9] Goldenberg L, Yaniv Y, Choi HJ,
Doron-Faigenboim, A, Carmi N,
Porat R. Elucidating the biochemical
factors governing off-flavor perception
in mandarins. Postharvest Biology
Technology. 2016; 120: 167–179. doi.org/
10.1016/j.postharvbio.2016.06.009
[10] Peiris KHS, Dull GG, Leffler RG,
Burns JK, Thai CN, Kays SJ.
Nondestructive detection of selection
drying, an internal disorder in
tangerine. HortScience. 1998; 33:
310–312.
[11]Magwaza LS, Opara UL, Terry LA,
Landahl S, Cronje PJ, Nieuwoudt H,
Mouazen AM, Saeys W, Nicolaï B.
Prediction of ‘Nules Clementine’
mandarin susceptibility to rind
breakdown disorder using Vis/NIR
spectroscopy. Postharvest Biology
and Technology 2012; 74: 1–10.
doi.org/10.1016/j.postharvbio.2012.
06.007.
[12]Ncama K, Tesfay SZ, Fawole OA,
Opara UL, Magwaza LS. Non-
destructive prediction of ‘Marsh’
grapefruit susceptibility to postharvest
rind pitting disorder using reflectance
Vis/NIR spectroscopy. Scientia
Horticulturae. 2018; 231: 265–271 doi.
org/10.1016/j.scienta.2017.12.028
[13]Moomkesh S, Mireei SA, Sadeghi M,
Nazeri M. Early detection of freezing
damage in sweet lemons using Vis/
SWNIR spectroscopy. Biosystems
Engineering. 2017; 164: 157–170. doi.
org/10.1016/j.biosystemseng.2017.
10.009
[14] Sun X, Xu S, Lu H. Non-Destructive
Identification and Estimation of
Granulation in Honey Pomelo Using
Visible and Near-Infrared
Transmittance Spectroscopy Combined
with Machine Vision Technology.
Applied Sciences. 2020; 10: 5399. doi.
org/10.3390/app10165399
23
Nondestructive Assessment of Citrus Fruit Quality and Ripening by Visible–Near…
DOI: http://dx.doi.org/10.5772/intechopen.95970
[15]USDA - National Agricultural
Statistics Service, Publications - 1999
Agricultural Statistics Annual [Internet].
2018. Available from: https://www.nass.
usda.gov/Publications/Ag_Statistics/
1999/index.php [Accessed: 2020-12-07]
[16] Srivastava S, Sadistap S. Non-
destructive sensing methods for quality
assessment of on-tree fruits: a review.
Food Measure. 2018; 12: 497–526. doi.
org/10.1007/s11694-017-9663-6.
[17]Moon DG, Joa JH, Moon YE,
Seong KC, Kim CH, Ahn YK. Plant
growth and fruit quality as affected by
canopy locations in ‘Shiranuhi’
mandarin. Horticulture, Environment
and Biotechnology. 2011; 52: 443. doi.
org/10.1007/s13580-011-0004-0.
[18] Pires R, Cavaco AM, Antunes MD,
Panagopoulos T, Brázio A, Afonso AM,
Daniel M, Rosendo ML, Gonçalves I,
Guerra R. Ripening Forecast of
‘Ortanique’ (Citrus reticulata Blanco x
Citrus sinensis (L) Osbeck) based on
georeferenced internal quality
parameters. In: XXIII Meeting of the
Spanish Society of Plant Physiology and
the XVI Hispano-Portuguese Congress
of Plant Physiology, 26–28 June,
Pamplona, Spain. 2019. p156
[19] Timilsina K, Tripathi KM. Chemical
quality attributes of mandarin (Citrus
reticulata Blanco) as affected by altitude
and fruit bearing position in Kavre,
Nepal Archives of Agriculture and
Environmental Science. 2019; 4 (3):
319–325. doi.org/10.26832/24566632.
2019.0403010.
[20] Cavaco AM, Cruz SP, Antunes MD,
Guerra R, Pires R, Afonso AM, Brázio A,
Silva L, Lucas MR, Daniel M,
Panagopoulos T. Spatiotemporal
modelling of the quality and ripening of
two cultivars of “Algarve Citrus”
orchards at different edaphoclimatic
conditions. Postharvest Biology and
Technology. 2021; 172: 111386. doi.org/
10.1016/j.postharvbio.2020.111386
[21] Barman K, Ahmad MS,
Siddiqui MW. Factors affecting the
quality of fruit and vegetables: recent
understandings. In Siddiqui MW Editor.
Postharvest Biology and technology of
horticultural crops. Apple Academic
Press (Taylor and Francis Group),
Oakville; 2015. pp. 1–50.
[22] Colaço AF, Molin JP. Variable rate
fertilization in citrus: a long-term study.
Precision Agriculture. 2017; 18:169–191.
doi.org/10.1007/s11119-016-9454-9.
[23]Ohashi Y, Ueyama H. Numerical
simulations of winter cold damage to
citrus fruits using the WRF model.
Advances in Science and Research. 2019;
16:1–6. doi.org/10.5194/asr-16-1-2019.
[24]Gullo G, Dattola A, Vonella V,
Zappia R. Effects of two reflective
materials on gas exchange, yield, and
fruit quality of sweet orange tree Citrus
sinensis (L.) Osb. European Journal of
Agronomy. 2020; 118:126071. doi.org/
10.1016/j.eja.2020.126071
[25] Canavari M, Centonze R,
Hingley M, Spadoni R. Traceability as
part of competitive strategy in the fruit
supply chain. British Food Journal.
2010; 112 (2):171–186. doi.org/10.1108/
00070701011018851.
[26] Kondo N. Automation on fruit and
vegetable grading system and food
traceability. Trends in Food Science &
Technology. 2010; 21 (3): 145–152. doi.
org/10.1016/j.tifs.2009.09.002.
[27]Haleem A, Khan S, Khan MI.
Traceability implementation in food
supply chain: A grey-DEMATEL
approach. Information Processing in
Agriculture. 2019; 6 (3): 335–348. doi.
org/10.1016/j.inpa.2019.01.003
[28] Conrad Z, Niles MT, Neher DA,
Roy ED, Tichenor NE, Jahns L.
Relationship between food waste, diet
quality, and environmental
sustainability. PLoS ONE. 2018;13(4):
24
Citrus - Research, Development and Biotechnology
e0195405. doi.org/10.1371/journal.
pone.0195405
[29]Muth MK, Birney C, Cuéllar A,
Finn SM, Freeman M, Galloway JN,
Gee I, Gephart J, Jones K, Low L,
Meyer E, Read Q, Smith T, Weitz K,
Zoubek S. A systems approach to
assessing environmental and economic
effects of food loss and waste
interventions in the United States.
Science of the Total Environment. 2019;
685:1240–1254. doi.org/10.1016/j.
scitotenv.2019.06.230
[30] Yahaya SM, Mardiyya AY. Review
of Post-Harvest Losses of Fruits and
Vegetables. Biomedical Journal of
Scientific and Technical Research. 2019;
13(4):10192–10200. http://dx.doi.org/
10.26717/BJSTR.2019.13.002448
[31] FAO, IFAD and WFP. Achieving
Zero Hunger: the critical role of
investments in social protection and
agriculture. 2015. Available from: http://
www.fao.org/3/a-i4951e.pdf [Accessed:
2020-12-10]
[32] Steensland A, Zeigler M.
Productivity in Agriculture for a
Sustainable Future. In: Campos H,
Editor. The Innovation Revolution in
Agriculture. Springer, Cham. 2021 p.33–
69 http://doi-org-443.webvpn.fjmu.edu.
cn/10.1007/978-3-030-50991-0_2
[33]García-Ramos FJ, Valero C,
Homer I, Ortiz-Cañavate J, Ruiz-
Altisent M. Non-destructive fruit
firmness sensors: a review. Spanish
Journal of Agricultural Research. 2005; 3
(1): 61–73
[34]Nicolaï BM, Defraeye T,
Ketelaere B, Herremans E,
Hertog MLATM, Saeys W, Torricelli A,
Vandendriessche T, Verboven P.
Nondestructive Measurement of Fruit
and Vegetable Quality. Annual Review
of Food Science and Technology. 2014;
5:285–312 doi.org/10.1146/annurev-
food-030713-092410
[35] Beghi R, Buratti S, Giovenzana V,
Benedetti S, Guidetti R. Electronic nose
and visible-near infrared spectroscopy
in fruit and vegetable monitoring.
Reviews in Analytical Chemistry. 2017;
20160016 doi.org/10.1515/revac-
2016-0016
[36] Cubero S, Lee WS, Aleixos N,
Albert F, Blasco J. Automated Systems
Based on Machine Vision for Inspecting
Citrus Fruits from the Field to
Postharvest–a Review. Food and




Phongcharoenpanich C, Krairiksh M.
Dual-Frequency Sensor for Thick Rind
Fruit Quality Assessment. IEEE
Transactions on Instrumentation and
Measurement. 2020; 69 (10):7617–7626.
https://ieeexplore.ieee.org/document/
9057693
[38]Walsh KB, Blasco J, Zude-Sasse M,
Sun X. Visible-NIR ‘point’ spectroscopy
in postharvest fruit and vegetable
assessment: The science behind three
decades of commercial use. Postharvest
Biology and Technology 2020; 168:
111246 doi.org/10.1016/j.
postharvbio.2020.111246
[39]Walsh KB, McGlone VA, Han DH.
The uses of near infra-red spectroscopy
in postharvest decision support: A
review. Postharvest Biology and
Technology 2020; 163: 111139 doi.org/
10.1016/j.postharvbio.2020.111139.
[40] Cattaneo TMP, Stellari A Review:
NIR Spectroscopy as a Suitable Tool for
the Investigation of the Horticultural
Field. Agronomy. 2019; 9: 503. doi:
10.3390/agronomy9090503.
[41]Magwaza LS, Opara UL,
Nieuwoudt H, Cronje PJR, Saeys W,
Nicolaï B. NIR Spectroscopy
Applications for Internal and External
Quality Analysis of Citrus Fruit - a
25
Nondestructive Assessment of Citrus Fruit Quality and Ripening by Visible–Near…
DOI: http://dx.doi.org/10.5772/intechopen.95970
Review. Food and Bioprocess
Technology. 2012; 5:425–444
[42]Wang H, Peng J, Xie C, Bao Y, He Y.
Fruit Quality Evaluation Using
Spectroscopy Technology: A Review.
Sensors. 2015; 15: 11889–11927 doi:
10.3390/s150511889.
[43] Torricelli A, Contini D, Dalla
Mora A, Martinenghi E, Tamborini D,
Villa F, Tosi A, Spinelli L. Recent
advances in Time-Resolved NIR
spectroscopy for nondestructive
assessment of fruit quality. Chemical
Engineering Transactions. 2015; 44: 43–
48 doi: 10.3303/CET1544008.
[44] Lu R, Van Beers R, Saeys W, Li C,
Cen H. Measurement of optical
properties of fruits and vegetables: A
review. Postharvest Biology and
Technology. 2020; 159:111003. doi.org/
10.1016/j.postharvbio.2019.111003
[45]Nicolaï BM, Beullens K, Bobelyn E,
Peirs A, Saeys W, Theron KI,
Lammertyn J. Nondestructive
measurement of fruit and vegetable
quality by means of NIR spectroscopy: a
review. Postharvest Biology and
Technology 2007; 46:99–118.
[46] Tuchin VV. Tissue optics and
photonics: Light-tissue interaction.
Journal of Biomedical Photonics &
Engineering. 2015; 1(2): 98–135. doi:
10.18287/jbpe-2015-1-2-98
[47] Sun C, Van Beers R, Aernouts B,
Saeys W. Bulk optical properties of
citrus tissues and the relationship with
quality properties. Postharvest Biology
and Technology. 2020; 163: 111127. doi.
org/10.1016/j.postharvbio.2020.111127
[48]Wang A, Hu D, Xie L. Comparison
of detection modes in terms of the
necessity of visible region (VIS) and
influence of the peel on soluble solids
content (SSC) determination of navel
orange using VIS-SWNIR spectroscopy.
Journal of Food Engineering. 2014; 126:
126–132 doi.org/10.1016/j.
jfoodeng.2013.11.011
[49] Sun C, Aernouts B, Van Beers R,
Saeys W. Simulation of light
propagation in citrus fruit using monte
carlo multi-layered (MCML) method.
Postharvest Biology and Technology.
2021; 291: 110225. doi.org/10.1016/j.
jfoodeng.2020.110225.
[50] Arendse E, Fawole OA,
Magwaza LS, Opara UL. Non-
destructive prediction of internal and
external quality attributes of fruit with
thick rind: A review. Journal of Food
Engineering. 2018; 217: 11–23.
[51] Teerachaichayut S, Ho HT. Non-
destructive prediction of total soluble
solids, titratable acidity and maturity
index of limes by near infrared
hyperspectral imaging. Postharvest
Biology and Technology. 2017; 133: 20–
25 http://dx.doi.org/10.1016/j.postharvb
io.2017.07.005
[52] Savitzky A, Golay MJE. Smoothing
and Differentiation of Data by
Simplified Least Squares Procedures.
Analytical Chemistry. 1964; 36 (8):
1627–1639 doi: 10.1021/ac60214a047.
[53] Cavaco AM, Pinto P, Antunes MD,
Silva JM, Guerra R. ‘Rocha’ pear
firmness predicted by a Vis/NIR
segmented model. Postharvest Biology
and Technology. 2009; 51(3): 311–319
doi.org/10.1016/j.postharvbio.2008.
08.013.
[54] Borba KR, Spricigo PC, Aykas DP,
Mitsuyuki MC, Colnago LA,
Ferreira MD. Non-invasive
quantification of vitamin C, citric acid,
and sugar in ‘Valencia’ oranges using
infrared spectroscopies. Journal of Food
Science and Technology. 2020 doi.org/
10.1007/s13197-020-04589-x.
[55] Castañeda-Loaiza, V, Magalhães, T,
Cavaco AM and Guerra, R, 2021.
Comparison of Vis/NIR interactance
26
Citrus - Research, Development and Biotechnology
and NIR reflectance spectroscopies for
the assessment of internal quality
attributes of ‘Rocha’ pear (Pyrus
communis L.) and ‘Valencia Late’
oranges (Citrus sinensis (L.) Osbeck).
Under preparation.
[56] Cavaco AM, Pires R, Antunes MD,
Panagopoulos T, Brázio A, Afonso AM,
Silva L, Lucas MR, Cadeiras B, Cruz SP,
Guerra R. Validation of short wave near
infrared calibration models for the
quality and ripening of ‘Newhall’ orange
on tree across years and orchards.
Postharvest Biology and Technology.
2018; 141: 86–97. doi.org/10.1016/j.
postharvbio.2018.03.013.
[57]Gauglitz G, Vo-Dinh T., editors.
Handbook of spectroscopy, 2003.
WILEY-VCH Verlag GmbH & Co.
KGaA, Weinheim
[58]Golic M, Walsh K, Lawson P. Short-
Wavelength Near-Infrared Spectra of
Sucrose, Glucose, and Fructose with
Respect to Sugar Concentration and
Temperature. Applied Spectroscopy
2003; 57(2): 139–145
[59]Norris KH, Williams PC.
Optimization of mathematical
treatments of raw near-infrared signal in
the measurement of protein in hard red
spring wheat. I. Influence of particle size.
Cereal Chemistry.1984(2); 61: 158–165.
[60]Chau F-T, Liang Y-Z, Gao J, Shao X-
G, Winefordner J, editors.
Chemometrics: From Basics to Wavelet
Transform. Chemical Analysis Series,
Vol. 164. John Wiley & Sons Inc.; 2004.
316p. doi: 10.1002/0471454745.
[61]Mark H, Workman J. Chemometrics
in Spectroscopy. 1st ed. Cambridge:
Academic Press; 2007. 558p. doi:
10.1016/B978-0-12-374024-3.X5000-4
[62] Brereton RG. Chemometrics for
Pattern Recognition. John Wiley &
Sons, Ltd; 2009. 512p. doi: 10.1002/
9780470746462
[63] Sun D-W, editor. Infrared
Spectroscopy for Food Quality Analysis
and Control. Elsevier Inc.; 2009. 448p.
doi: 10.1016/B978-0-12-374136-3.
X0001–6.
[64] Franca AS, Nollet L. editors.
Spectroscopic Methods in Food
Analysis. CRC Press; 2018. 663p. doi:
10.1201/9781315152769.
[65] Rinnan A, van der Berg F,
Engelsen SB. Review of the most
common pre-processing techniques for
near-infrared spectroscopy, Trends in
Analytical Chemistry. 2009; 28 (10):
1201–1222. doi.org/10.1016/j.
trac.2009.07.007.
[66]Martens H, Jensen SA, Geladi P.
Multivariate linearity transformations
for near infrared reflectance
spectroscopy. In: OHJ Christie (Editor),
Proc. Nordic Symp. Applied Statistics,
Stokkland Forlag, Stavanger, Norway.
1983. pp. 205–234
[67]Martens H, Stark E. Extended
multiplicative signal correction and
spectral interference subtraction: New
preprocessing methods for near infrared
spectroscopy. Journal of Pharmaceutical
and Biomedical Analysis. 1991; 9(8):
625–635. doi.org/10.1016/0731-7085(91)
80188-F
[68] Barnes RJ, Dhanoa MS, Lister SJ.
Standard normal variate transformation
and de-trending of near-infrared diffuse
reflectance spectra. Applied
Spectroscopy. 1989; 43:772. doi.org/
10.1366/0003702894202201.
[69]Olarewaju OO, Magwaza LS,
Nieuwoudt H, Poblete-Echeverría C,
Fawole OA, Tesfay SZ, Opara UL.
Model development for non-destructive
determination of rind biochemical
properties of ‘Marsh’ grapefruit using
visible to near-infrared spectroscopy
and chemometrics. Spectrochimica Acta
Part A: Molecular and Biomolecular
27
Nondestructive Assessment of Citrus Fruit Quality and Ripening by Visible–Near…
DOI: http://dx.doi.org/10.5772/intechopen.95970
Spectroscopy. 2019; 209: 62–69. doi:
10.1016/j.saa.2018.10.027.
[70]Ncama K, Opara UL, Tesfay SZ,
Fawole OA, Magwaza LS. Application of
Vis/NIR spectroscopy for predicting
sweetness and flavour parameters of
‘Valencia’ orange (Citrus sinensis) and
‘Star Ruby’ grapefruit (Citrus x paradisi
Macfad). Journal of Food Engineering.
2017; 193: 86–94. http://dx.doi.org/
10.1016/j.jfoodeng.2016.08.015.
[71] Zheng Y, He S, Yi S, Zhou Z, Mao S,
Zhao X, Deng L. Predicting oleocellosis
sensitivity in citrus using VNIR
reflectance spectroscopy. Scientia
Horticulturae. 2010; 125 (3): 401–405
doi:10.1016/j.scienta.2010.04.036
[72]Magwaza LS, Opara UL, Terry LA,
Landahl S, Cronje PJR, Nieuwoudt HH,
Hanssens A, Saeys W, Nicolaï BM.
Evaluation of fourier transform-NIR
spectroscopy for integrated external and
internal quality assessment of Valencia
oranges. Journal of Food Composition
and Analysis. 2013; 31: 144–154. http://d
x.doi.org/10.1016/j.jfca.2013.05.007
[73] Bizzani M, Flores DWM,
Colnago LA, Ferreira MD. Non-invasive
spectroscopic methods to estimate
orange firmness, peel thickness, and
total pectin content. Microchemical
Journal. 2017; 133: 168–174. http://dx.d
oi.org/10.1016/j.microc.2017.03.039.
[74] Xu S, Lu H, Ference C, Qiu G,
Liang X. Rapid Nondestructive
Detection of Water Content and
Granulation in Postharvest “Shatian”
Pomelo Using Visible/Near-Infrared
Spectroscopy. Biosensors. 2020; 10, 41.
doi.org/10.3390/bios10040041
[75] Li Y, Jin G, Jiang X, Yi S, Tian X.
Non-destructive determination of
soluble solids content using a multi-
region combination model in hybrid
citrus. Infrared Physics & Technology.
2020; 104: 103138 doi.org/10.1016/j.
infrared.2019.103138.
[76] Guthrie JA, Walsh KB, Reid DJ,
Liebenberg CJ. Assessment of internal
quality attributes of mandarin fruit. 1.
NIR calibration model development.
Australian Journal of Agricultural
Research. 2005; 56: 405–416.
[77]Guthrie JA, Reid DJ, Walsh KB.
Assessment of internal quality attributes
of mandarin fruit. 2. NIR calibration
model robustness. Australian Journal of
Agricultural Research.. 2005; 56: 417–
426.
[78] Xudong S, Hailiang Z, Yande L.
Nondestructive assessment of quality of
Nanfeng mandarin fruit by a portable
near infrared spectroscopy.
International Journal of Agricultural and
Biological Engineering. 2009; 2(1): 65–71.
[79]Magwaza LS, Landahl S, Cronje PJR,
Nieuwoudt HH, Mouazen AM,
Nicolaï BM, Terry LA, Opara UL. The
use of Vis/NIRS and chemometric
analysis to predict fruit defects and
postharvest behaviour of ‘Nules
Clementine’ mandarin fruit. Food
Chemistry. 2014; 163: 267–274 doi: h
ttp://dx.doi.org/10.1016/j.foodche
m.2014.04.085.
[80] Li P, Li S, Du., Jiang L, Liu X,
Ding S, Shan Y. A simple and
nondestructive approach for the
analysis of soluble solid content in citrus
by using portable visible to near-
infrared spectroscopy. Food Science &
Nutrition. 2020; 00:1–10. doi.org/
10.1002/fsn3.1550
[81] Liu Y, Gao R, Hao Y, Sun X,
Ouyang A. Improvement of Near-
Infrared Spectral Calibration Models for
Brix Prediction in ‘Gannan’ Navel
Oranges by a Portable Near-Infrared
Device. Food and Bioprocess
Technology. 2012; 5: 1106–1112. doi.org/
10.1007/s11947-010-0449-7.
[82] Tian X, Li J, Yi S, Jin G, Qiu X, Li Y.
Nondestructive determining the soluble
solids content of citrus using near
28
Citrus - Research, Development and Biotechnology
infrared transmittance technology
combined with the variable selection
algorithm. Artificial Intelligence in
Agriculture. 2020; 4: 48–57 doi.org/
10.1016/j.aiia.2020.05.001.
[83] Song J, Li G, Yang X, Liu X, Xie L.
Rapid analysis of soluble solid content in
navel orange based on visible-near
infrared spectroscopy combined with a
swarm intelligence optimization
method. Spectrochimica Acta Part A:
Molecular and Biomolecular
Spectroscopy. 2020; 228: 117815 doi:
10.1016/j.saa.2019.117815.
[84] Jamshidi B, Minaei S, Mohajerani E,
Ghassemian H. Reflectance Vis/NIR
spectroscopy for nondestructive taste
characterization of Valencia oranges.
Computers and Electronics in
Agriculture. 2012; 85: 64–69
[85] Antonucci F, Pallottino F, Paglia G,
Palma A, D’Aquino S, Menesatti P. Non-
destructive Estimation of Mandarin
Maturity Status Through Portable VIS-
NIR Spectrophotometer. Food and
Bioprocess Technology. 2011; 4:809–813
doi.org/10.1007/s11947-010-0414-5
[86] Sánchez MT, De la Haba MJ, Pérez-
Marín D. Internal and external quality
assessment of mandarins on-tree and at
harvest using a portable NIR
spectrophotometer. Computers and
Electronics in Agriculture. 2013; 92:
66–74.
[87] Torres I, Sánchez MT, De la
Haba MJ, Pérez-Marín D. LOCAL
regression applied to a citrus
multispecies library to assess chemical
quality parameters using near infrared
spectroscopy. Spectrochimica Acta Part
A: Molecular and Biomolecular
Spectroscopy. 2019; 217: 206–214 doi.
org/10.1016/j.saa.2019.03.090.
[88] Zude M, Pflanz M, Kaprielian C,
Aivazianc, BL. NIRS as a tool for
precision horticulture in the citrus
industry. Biosystems Engineering. 2008;
99: 455–459. doi.org/10.1016/j.
biosystemseng.2007.10.016.
[89] Sánchez MT, De la Haba MJ,
Serrano I, Pérez-Marín D. Application of
NIRS for nondestructive measurement
of quality parameters in intact oranges
during on tree ripening and harvest.
Food Analytical Methods. 2013; 6: 826–
837. doi.10.1007/s12161-012-9490-7.
[90] Torres I, Pérez-Marín D, De la
Haba MJ, Sanchéz MT. Developing
universal models for the prediction of
physical quality in citrus fruits analysed
on-tree using portable NIRS sensors.
Biosystems Engineering. 2017; 153: 140–
148. http://dx.doi.org/10.1016/j.biosyste
mseng.2016.11.007
[91] Valero C, Ortiz-Cañavate J,
Riquelme MT, Homer I. Evaluation of
Commercial Equipment for On-Line
and Laboratory Quality Sorting of
Citrus. Frutic Chile. “8th Fruit, Nut, and
Vegetable Production Engineering
Symposium”. 2009
[92]Miller WM, Zude M. NIR-based
sensing to identify soluble solids content
of Florida citrus. Applied Engineering in
Agriculture. 2004; 20: 321–327
[93] Yamakawa M, Khot LR, Ehsani R,
Kondo N. Real-time nondestructive
citrus fruit quality monitoring system:
development and laboratory testing.
Agricultural Engineering International:
CIGR Journal. 2012; 14(3): 117–124.
[94]Gómez AH, He Y, Pereira AG. Non-
destructive measurement of acidity,
soluble solids and firmness of Satsuma
mandarin using Vis/NIR-spectroscopy
techniques. Journal of Food
Engineering. 2006; 77: 313–319. doi.org/
10.1016/j.jfoodeng.2005.06.036.
[95] Jamshidi B, Minaei S, Mohajerani E,
Ghassemian H. Prediction of Soluble
Solids in Oranges Using Visible/Near-
Infrared Spectroscopy: Effect of Peel.
International Journal of Food Properties.
29
Nondestructive Assessment of Citrus Fruit Quality and Ripening by Visible–Near…
DOI: http://dx.doi.org/10.5772/intechopen.95970
2014; 17(7): 1460–1468. doi.org/
10.1080/10942912.2012.717332.
[96] Liu C, Yang SX, Deng L. A
comparative study for least angle
regression on NIR spectra analysis to
determine internal qualities of navel
oranges. Expert Systems with
Applications. 2015; 42: 8497–8503.
http://dx.doi.org/10.1016/j.eswa.
2015.07.005.
[97]Magwaza LS, Opara UL, Cronje PJR,
Landahl S, Nieuwoudt HH,
Mouazen AM, Nicolaï BM, Terry LA.
Assessment of rind quality of ‘Nules
Clementine’ mandarin during
postharvest storage: 1. Vis/NIRS PCA
models and relationship with canopy
position. Scientia Horticulturae. 2014;
165: 410–420. doi.org/10.1016/j.
scienta.2013.09.035
[98]Miyamoto K, Kitano Y. Non-
Destructive Determination of Sugar
Content in Satsuma Mandarin Fruit by
near Infrared Transmittance
Spectroscopy. Journal of Near Infrared
Spectroscopy. 1995. 3: 227–237. doi:
10.1255/jnirs.73.
[99]Ou AS, Lin S, Lin T, Wu S, Tiarn M.
Studies on the determination of quality-
related constituents in Ponkan
Mandarin by near infrared
spectroscopy. Journal of the Chinese
Agricultural Chemical Society. 1997. 35:
462–474.
[100] Passos D, Rodrigues D,
Cavaco AM, Antunes MD, Guerra R.
Non-Destructive Soluble Solids Content
Determination for ‘Rocha’ Pear Based
on VIS-SWNIR Spectroscopy under
‘Real World’ Sorting Facility
Conditions. Sensors. 2019; 19:5165. doi.
org/10.3390/s19235165
[101]Wang A, Wang C, Xie L.
Influence of the peel on predicting
soluble solids content of navel
oranges using visible and near-infrared
spectroscopy. Transactions of the
ASABE. 2016; 59(1): 31–37 doi.10.13031/
trans.59.11152.
[102] Sun C, Aernouts B, Saeys W.
Effects of harvest time, fruit size and
cultivar on the bulk optical properties of
Satsuma mandarin. Postharvest Biology
and Technology. 2020; 111412 doi.org/
10.1016/j.postharvbio.2020.111412.
30
Citrus - Research, Development and Biotechnology
